Abstract In today's highly rival market, an effective supplier selection process is vital to the success of any manufacturing system. Selecting the appropriate supplier is always a difficult task because suppliers posses varied strengths and weaknesses that necessitate careful evaluations prior to suppliers' ranking. This is a complex process with many subjective and objective factors to consider before the benefits of supplier selection are achieved. This paper identifies six extremely critical criteria and thirteen sub-criteria based on the literature. A new methodology employing those criteria and sub-criteria is proposed for the assessment and ranking of a given set of suppliers. To handle the subjectivity of the decision maker's assessment, an integration of fuzzy Delphi with fuzzy inference system has been applied and a new ranking method is proposed for supplier selection problem. This supplier selection model enables decision makers to rank the suppliers based on three classifications including ''extremely preferred'', ''moderately preferred'', and ''weakly preferred''. In addition, in each classification, suppliers are put in order from highest final score to the lowest. Finally, the methodology is verified and validated through an example of a numerical test bed.
Introduction
One of the important decisions which play a major role in alleviation of the total cost in manufacturing systems is the effective supplier selection (Liu and Hai 2005) . The selection process of vendors would be a simple task if only one criterion is used in decision making process. However, in real situation, purchasers have to consider a range of criteria to finalize their decisions. When several criteria are used, it is necessary to specify how much each criterion affects the decision-making procedure; they can be equally weighted or weights could be varied based on the type of criteria (Yahya and Kingsman 1999) . According to Tahriri and Taha (2010) studies, some difficulties regarding supplier selection are included: (1) huge variety of finished products, and thus a great need for purchasing a raw material, (2) the large number of projects in process by factories, (3) the huge fluctuations in price for purchasing the raw materials, (4) the large number of suppliers by varieties of qualitative and quantitative criteria. In the same vein, Chen-Tung and Ching-Torng (2006) studied the group multiple criteria decision-making (MCDM) approach for supplier selection problem using quantity criteria. In MCDM, a problem is affected by a number of conflicting factors in supplier selection, for which a purchasing manager must analyze the tradeoff among the several criteria. MCDM techniques support the decision-makers in evaluating a set of alternatives. Depending on purchasing situations, criteria have variable importance that necessitates the weighting process (Dulmin and Mininno 2003) .
In the supplier selection context, many multi-criteria decision making methods have been applied such as fuzzy TOPSIS, analytic network process (ANP), data envelopment analysis (DEA), analytic hierarchy process (AHP), and mathematical programming (Wu and Olson 2008; Kheljani et al. 2009; Lin et al. 2011; Bhattacharya et al. 2010; Moghadam et al. 2008; Wang et al. 2009; Liu and Hai 2005; Yusuff et al. 2001; Tam and Tummala 2001; Yu and Jing 2004) . Another approach that can be evaluated and applied to the supplier-selection decision making process is a technique that integrates integer programming, goal programming, stochastic method, fuzzy set theory, and fuzzy multiple attribute decision making (FMADM) into a one inclusive approach. FMADM addresses the problem of choosing an alternative from a set of alternatives that are characterized according to their attributes (Tahriri et al. 2008a ). The MADM method helps the manufacturer to incorporate the uncertainty of the future resulting from multi-objectivity and introduce subjective criteria in the modeling phase. On the other hand, it requires more data, and it is usually more complex than the economic analysis. Referring to the Amindoust et al. (2012) study, which proposes a fuzzy inference system (FIS) for supplier selection, the subjectivity of decision makers' assessments are handled and the feasibility of the proposed method is shown by utilization of an illustrative example. Junior et al. (2013) proposed a new model based on fuzzy logic to handle the various attributes associated with supplier evaluation problems. Four multi-input multiple-output (MIMO) Mamdani FIS have been proposed for supplier evaluation. The proposed model has been illustrated through a case study. Table 1 presents the description of some of the most widely used methods for supplier selection. Additionally, as FD and FIS are the methods, which are used in this paper, they will be given extra focus and further explanations. FIS represent an important part of fuzzy logic. In particular, the main advantages are the interpretation capability and the ease of encoding a priori knowledge; whereas the main limitation is the lack of learning capabilities compared with other methods. The fuzzy Delphi method (FDM), an integration of the fuzzy concept and the Delphi method, requires only a small survey sample to obtain an objective and reasonable result. With this method, time and costs of collecting questionnaires can be reduced, and experts' opinion can be kept as they are without being twisted (Cheng and Tang 2009) . The FD and FIS methods have their own advantages, by integrating these two methods the feasibility and accuracy of the model is increased.
An attempt has been made in this paper to identify the most important critical factors in order to select a suitable supplier through the literature. Then, a new fuzzy set multiple criteria decision-making (FMCDM) approach is proposed by integrating fuzzy Delphi (FD) and FIS to categorize the suppliers under three classifications including ''extremely preferred'', ''moderately preferred'', and ''weakly preferred''. Moreover, the suppliers under each group are also put in order by the highest final score to the lowest.
Determination of the supplier selection indicators
The identification of the critical factors in selecting an appropriate supplier is the first main step in developing the model. According to previous research Ho et al. (2010) , Tahriri et al. (2008b) , and Tahriri et al. (2008a) , thirteen criteria have been identified in supplier selection as shown in Table 2 . These criteria are categorized under six aspects such as trust, quality, cost, delivery, management and organization, and financial.
Development of supplier evaluation and selection
The objective of this research is to develop a supplier evaluation and selection model. In this regard, a two-phase method with procedures are proposed. The first step used FDM to obtain the weight for critical factors of the model by decision maker to select the best supplier. In the second step, FIS method is applied to evaluate and select the appropriate supplier. Figure 1 shows the fuzzy decision making system (FDMS) structure. The numerical test bed example by considering the qualitative and quantitative criteria has been made to test the model. Table 3 shows a procedure of the multi-criteria decision making model for evaluating and selecting the best supplier by using an integration of qualitative and quantitative criteria.
Fuzzy Delphi method
Defining aspects and criteria for hierarchical structure Numerous criteria can be considered in a multi-criteria evaluation problem. These criteria should be identified under each of the k criteria (C 1 , C 2 ,…, C h , C h?1 ,…, C k ) considering the specific requirements of the problem. The criteria can be classified into two categories: (1) subjective criteria, C 1 , C 2 ,…,C h ; these criteria have a linguistic/ qualitative definition; (2) objective criteria, C h?1 , C h?2 ,…,C k ; these criteria are defined in monetary/quantitative terms. Based on the aspects these criteria were used to construct the hierarchy of the primary model.
Fuzzy Delphi method to adjust the consensus condition
Fuzzy Delphi method derived from fuzzy set theory and traditional Delphi technique is proposed by Ishikawa (1993) . Noorderhaben (1995) suggested that the solution to the Fuzziness of common understanding, based on the expert's opinions, can be performed by applying the FDM to a group decision. The application of the FDM forms a set of weights for a variety of criteria. For assessing and Ahire (1996) evaluating the performance rating, comprising the importance and appropriateness of linguistic variation, the concept of triangular fuzzy number and linguistic variables are used. Although Delphi is an expert opinion survey method having three features: Anonymous response, Iteration and controlled feedback and finally the statistical group response. Some weaknesses manifested, that block forecasting values to converge. Thus, repetitive surveys are required to perform the action which leads to needing much more time and cost (Ishikawa 1993; Wang 2008) . Delphi method provides easy understanding of the group opinions through the twice provision of the questionnaire. Since FDM integrates the fuzzy theory with the FDM, it provides the user with the advantage of Delphi method and reduction of the questionnaire time and cost (Hsu 2010; Yu-Feng 2008) .
The triangular membership functions and the fuzzy theory are applied in this paper to solve the group decisions and screen the attributive factors of the first stage by using FDM. Applying the fuzzy theory can solve and evaluate the fuzziness of common understanding of experts on a variety of scales.
The FDM steps are as follows:
Collecting opinions of decision group the expert's opinions are described by linguistic terms, which can be expressed in triangular fuzzy numbers, to make the consensus of the experts consistent. A committee of n decision-makers (D 1 , D 2 ,…, D n ) evaluates the k criteria and assigns a suitable weight to each one based on their importance. The committee uses linguistic weighting variables in their assessment (Zadeh 1975) . Given weights are very low (VL), low (L), medium (M), high (H), and very high (VH) importance. The linguistic weighting variables and the linguistic scale variables can be transformed into triangular fuzzy numbers. The membership functions for important weights are shown in Fig. 2 and Table 4 , respectively.
Setting up triangular fuzzy numbers the triangular fuzzy number of each factor is calculated, evaluated, and obtained based on the value given by experts.
Aggregation of experts' opinion in this step, FDM is used to aggregate the decision makers' given weights to each criteria and obtain a mean fuzzy weight under consensus condition. To this end, fuzzy numbers operations are utilized to achieve the mean of weight (W t ) and transfer linguistic terms to positive trapezoidal fuzzy numbers. Suppose that W t is the linguistic weight given to subjective criteria C 1 , C 2 ,…, C k-s , and objective criteria C k-s?1 ,…, C k by decision maker D j . The aggregation is formulated as below:
where, is the multiplication of fuzzy numbers, È is the add operation of fuzzy numbers, and D ij is the overall average weighting valuation of alternative i under criterion j over m assessors. As shown in Eq. 2, D ij as a fuzzy number can be represented by the triangular membership. Table 3 The success supplier selection procedure
Step 1: Defining aspects and criteria
Step 2: Construction of hierarchical structure
Step 3: Using the fuzzy Delphi method to evaluate the importance weight of each aspect based on the group decision makers
Step 4: Determine the importance weights for each aspect based on the linguistic scales
Step 5: Transfer linguistic terms of positive triangular fuzzy numbers
Step 6: Aggregate the mean of fuzzy weights for each aspect (W t ), then calculate the deffuzification of fuzzy suitability index values for each aspect
Step 7: Rank the aspect based on the a-cut set
Step 8: Design the membership function
Step 9: Design the fuzzy rule set
Step 10:
Fuzzy operator
Step 11:
Defuzzification
Step 12:
Calculate the overall mean of defuzzification of fuzzy rule base evaluation rating (X t ) and weighting the fuzzy Delphi (W t ) for each criteria and aspect
Then the fuzzy weightingW t of j element isW t ¼ ða t ; b t ; c t Þ; t = 1, 2,…,k. Among which
Finally, the result of fuzzy synthetic decision weighting of each criteria is a fuzzy number. Thus, non-fuzzy ranking method for fuzzy numbers needs to be employed for each criterion. Converting fuzzy numbers into real value numbers is a technique called defuzzification, which locates the best non fuzzy performance (BNP) value. Center-of-area defuzzification method does not require analyst's personal judgment as it is based on simplicity. The defuzzified value of fuzzy number can be obtained from Eq. 4.
Fuzzy inference system
Fuzzifier
The input variable (x) of the fuzzy logic is real numerical value limited to the domain of discourse (X) and the output an interval between 0 and 1 is a fuzzy degree in the qualifying linguistic set [lÃ(x)]. By fuzzification the crisp input values are transformed into fuzzy sets. A fuzzy set A = (a, b, c, d) in a domain X is called a normal fuzzy set if ( x i e X, lÃ(x i ) = 1. A fuzzy number is a fuzzy set in the domain of discourse R (R is a set of real numbers) that is convex and normal. A fuzzy setÃ in the domain R is called a fuzzy trapezoidal number, with a core [b, c] , the left width d = b-a, the right width b = d-c, if its membership function exhibits the shape represented by Eq. 5 and Fig. 3 , (Keufmann 1991) : These constants reflect the fuzziness of the evaluation data. Fuzzy set is a class with a continuum of grades of membership. Let X be a nonempty set, a domain of discourse where X = {x 1 , x 2 ,…, x n }. A fuzzy (sub) setÃ of a domain of discourse X is a set of ordered pairs
where lÃ is a membership function or grade of a fuzzy set A, lÃðxÞ: X ? [0, 1], in an accepting mathematical notation. A membership function lÃ(x i ) gives the membership degree of a generic element x i to the fuzzy setÃ. Trapezoidal fuzzy numbers are the most widely used forms of fuzzy numbers because they can be handled arithmetically and interpreted intuitively. Therefore, trapezoidal fuzzy numbers are used in this study. The MIMO FIS is used. The values of the inputs and multi separated output variables are measured and transferred to the range of the corresponding universe of discourse, which converts them into associated values. The development of membership functions for the supplier performance criteria using fuzzy input and output variables for each aspect are formulated for this research based on the discussions with the experts. All the membership function variables are trapezium. Four fuzzy sets in the form of linguistic weighting variables, which include ''Low Importance (LI)'', ''Moderate Importance (MI)'', ''High Importance (HI)'' and ''Extreme Importance (EI)'', were utilized to evaluate the importance of input variables ( Fig. 4 ; Table 5 ). Three fuzzy sets in the form of linguistic weighting variables, which include ''Weakly preferred (WP)'', ''Moderately preferred (MP)'' and ''Extremely preferred (HP)'' were utilized to evaluate the importance of output variables. These variables are equivalent to fuzzy numbers on the numeric scale 0-1. Figure 5 presents the three fuzzy sets and the linguistic weighting variables as shown in Table 6 .
Fuzzy rule set
After determining the fuzzification, the input data with the conditions of the rules are determined and evaluated. There is a degree of membership for each linguistic term that applies to that input variable. In fuzzy rules (FLs), connectives such as AND and OR, are commonly used to relate two or more antecedents. In a more explicit form, if there are i rules (R i ) each with k premises in a system, the ith rule has the following form.
In the above equation, X represents the crisp inputs to the rule and A i and B i are linguistic variables, also X i1 to X ik and Y being the input and output variables for regression respectively. The minimum value of the input variables' membership values is based on the membership value of the control action of each rule. The number of FLs used in controlling the system using fuzzy control is represented by
where N is the total number of rules required in controlling the system, m the number of the sets of rules using one set of variables, n the number of input variables used in a set of rules and L the number of fuzzy sets (labels) in an input (i) variable. The if-then rules for the related FIS engines are designed based on a number of input variable of each aspect by using expert knowledge. These rules are based on the linguistic variables defined in the fuzzification of the input data. Numerous rules are needed to replicate expert knowledge. When combined, the rules integrate much of this knowledge into the fuzzy rule-based expert system. The rules, thus create what we refer to as the knowledge (20, 30, 45, 55) High importance (HI) (45, 55, 70, 80) Extreme importance(EI) (70, 80, 100, 100) base (Baetge and Heitmann 2000) . The number of rules for each aspect is calculated separately, based on each rule name including a and b. The rules for the second, third input variables are using rules a, b as shown in Tables 7, 8 . If the number of aspect input variables is great, the fix rules based on the input number of variables can be applied. This method can help the expert to design the rules easily, and precisely provide the required response and more because the number of rules of each aspect is limited.
Fuzzy operator
Addition and multiplication of fuzzy operations are utilized in our model. Suppose Eqs. 8 and 9 are two trapezoidal fuzzy numbers as
Therefore, addition and multiplication of them are as follows respectively.
Defuzzification A set of rules is applied to the fuzzified input, which is scalar in value, with the output of each rule being Fuzzy. In order for the nature of the action to be determined by the system, these fuzzy outputs should be converted to scalar quantity, the process of which is called defuzzification. The input for the defuzzification process is a fuzzy set (the aggregate output fuzzy set) and the output is a single number. The centroid calculation, which returns the center of gravity under the curve, can be the most popular example of defuzzification. This technique was developed by Sugeno in 1985, which is the most commonly used and accurate, and can be expressed as:
where X * is the defuzzified output, l i (x) the aggregated membership function and x the output variable. The only disadvantage of this method is that it is computationally difficult for complex membership functions.
Fuzzy Delphi multi attribute decision making
To determine the final result-based on the weights assigned to each aspect and the values assigned to each The inputs are crisp (non-fuzzy) numbers
All rules are evaluated in parallel using fuzzy reasoning.
The results of each aspect (nonfuzzy) number based on the rules are combines and defuzzified.
Multiplying the (non-fuzzy) weight of each aspect
The final results are a crisp (nonfuzzy) number. fuzzy output criteria-the sum of the moment aspect values is multiplied by a weighting aspect. The formula can be expressed as:
where W i represents aspect i, and l i (x) the aggregated membership function, and x the output variable. Final supplier selection results are categorized in three classifications including weakly preferred if the score is in the range of 0-35 %, moderately preferred if the score is in the range of 30-70 %, and extremely preferred if the score is in the range of 65-100 %.
Description of the proposed model Figure 6 illustrates a general supplier selection hierarchical model based on the properties of the attributes, including fuzzy input and output variables. All rules are evaluated in parallel using fuzzy reasoning. In the next step based on the rules, the results of each non-fuzzy number aspect is combined and defuzzified. Finally, the results are evaluated based on multiplying the non-fuzzy weight of each aspect and the values are assigned to each fuzzy output criteria.
Illustrative example
For verifying the model a test-bed is used (Silberholz and Golden 2010) . Six aspects and thirteen criteria for supplier evaluation and selection model were collected based on the 28 literatures (Table 9 ). Based on these criteria and using FIS approach, the supplier selection model is established. A committee of ten decision makers D1, D2, D3,…, D10 utilize the weight to assess the importance of each aspect. Six aspects are considered: trust (A 1 ), quality (A 2 ), cost (A 3 ), delivery (A 4 ), management and organization (A 5 ), and financial (A 6 ). It uses a FDM to adjust the fuzzy weighting by every expert to achieve the consensus condition, which obtains the important weight of the criteria by using the ten decision-makers; it is shown as Table 10.
In the next steps, the opinions of experts in FDM questionnaires are converted to positive triangular fuzzy numbers. Finally, the aggregate fuzzy weights for each criterion are calculated by grouping the linguistic assessments of the ten decision-makers. The aggregate weights calculated by employing Eqs. 1, 2, 3 and 4, which are listed in the fuzzy, mean column of Table 11 . Finally, center-ofarea defuzzification technique is applied to convert the fuzzy number into crisp real numbers. The value of fuzzy numbers can be obtained in the last column of Table 12 . Table 10 The importance of the decision aspect The six aspects ranking are representative and have been studied by many scholars. The six fuzzy numbers based on six aspects are ranked as it is shown in Table 11 :
According to Table 13 , the Mamdani fuzzy inference, which is based on an implied function minimum operator (min) and aggregation function maximum (max) will be used for conjunction operator. The membership value of the control action of each rule is the minimum value of the input variable's membership values.
The rule numbers of two, three input criteria of six aspects are as follows: a rule will be used for two-input criteria (N 2 a = 4 2) ; and b rule will be used for three-input criteria (N 2 b = 4 3 ). For the sample, trust (A 1 ) output criteria have two input variables included ''Interfirm trust (C 11 )'', and ''Interpersonal trust (C 12 )''. These input variables have been used as two trapezoid membership function as shown in Table 12 and Fig. 7 . The next step is the formulation of the FLs. This collection of FLs approximately represents the human thinking in the decision-making process. These rules in the Tables 6 and 7. Table 7 illustrates a sample of the generated FLs (a = 16) for trust aspect with two input variables. Figure 7 , shows the fuzzy sets inputs (C 11 ), and (C 12 ) after implication. In the next step, all output decisions are based on testing all rules in a FIS. The rules (R i ) must be combined in some manner in order to make a decision. The aggregation operation is used to calculate the combined fuzzy set outputs of each rule into a single fuzzy set. The output of the aggregation process is one fuzzy set for each output variable.
To show the structure of rule viewers in the model, which presents the road maps of FIS systems, trust one rule viewer of the FIS is chosen as an example. Figure 8 illustrates the rule viewer of the related FIS of trust variable. Each rule is a row of plots and each column is a variable. Interfirm trust (C11) and interpersonal trust (C12) are applied as input variables and trust (A1) as an output variable or aspect. Having verified the rules, 16 in number, which are obtained from the input number of each aspect ''2'', it will be evident that the output value (trust) increases similar to the results of the input values [interfirm trust (C11) and interpersonal trust (C12)]. Three rules which have been placed together to show the combination and aggregation of each rule into a single fuzzy set value ''output (A 1 ) = 69.3'' are illustrated in Fig. 8 . Finally, these fuzzy outputs need to be converted into a scalar output quantity so that the nature of the action to be performed can be determined by the center of gravity method as illustrated in Eq. 12.
The output surface of the related FIS of ''trust'' (A 1 ) is shown in Fig. 9 . Two input variables [interfirm trust (C 11 ) and interpersonal trust (C 12 )] and one output variable [trust (A 1 )] varies between 0 and 100. It can be seen that as the input values of interfirm trust (C 11 ) and interpersonal trust (C 12 ) are increased, the output value of the trust of success in supplier selection is also increased.
Finally, using the obtained FD weights for each aspect and each fuzzy rule of the corresponding fuzzy output criterion, the overall rate is calculated based on the Eq. 13. Table 14 illustrates the name and value of Fuzzy input and output weight of each aspect for supplier ''F''. The overall score for supplier ''F'' obtained from each aspect is shown in the last column. The final result of supplier ''F'' is 81.81 % which is in the extremely preferred (65, 70, 100,100) area. This procedure is done for other suppliers as Final result of supplier selection = 81.81 % well as shown in Table 15 . Table 16 shows the ranking of suppliers in each classification based on ''extremely preferred'', ''moderately preferred'', and ''weakly preferred'' categories.
Conclusion
The main contribution of this paper is the identification of the important criteria for selecting and evaluating the best supplier. The six aspects and thirteen criteria for supplier selection model are proposed. The six aspects are including trust, quality, cost, delivery, management and organization, financial; in which ''trust'' and ''cost'' are ranked as the top two aspects. The second contribution is the development of a multi-criteria decision making model for evaluating the criteria and selecting the appropriate supplier. This model is successfully developed by integrating the FDM and FIS methods. The rules for FIS are designed based on the number of input variables of each aspect. The number of rules for each aspect, is calculated separately based on each rule name including a, b. a has 16, b has 64, which together, there are 80 rules. Finally, the developed model is tested based on numerical test bed example with 12 suppliers. The results confirmed the model feasibility and ability to assist decision makers for examining the strengths and weaknesses of supplier by comparing them with appropriate aspects and criteria.
